The main objective of this study is to combine the statistical shape analysis (SSA) with a morphing procedure in order to generate shape-parametric finite element models of tissues and organs and to explore the reliability and the limitations of this approach when applied to databases of real medical images. As classical statistical shape models are not always adapted to the morphing procedure, a new registration method was developed in order to maximize the morphing efficiency. The method was compared to the traditional iterative thin plate spline (iTPS). Two data sets of 33 proximal femora shapes and 385 liver shapes were used for the comparison. The principal component analysis (PCA) was used to get the principal morphing modes. In terms of anatomical shape reconstruction (evaluated through the criteria of generalization, compactness and specificity), our approach compared fairly well to the iTPS method, while performing remarkably better in terms of mesh quality, since it was less prone to generate invalid meshes in the interior. This was particularly true in the liver case. Such methodology offers a potential application for the generation of automated finite element (FE) models from medical images. Parametrized anatomical models can also be used to assess the influence of inter-patient variability on the biomechanical response of the tissues. Indeed, thanks to the shape parametrization the user would easily have access to a valid FE model for any shape belonging to the parameters subspace.
Introduction
The FE method is widely used to simulate physical behavior of problems with complex geometries. When the FE model is built upon real images the pre-processing setup can be time-consuming, especially in 3D and when the task has to be repeated several times for similar applications. This step often requires a manual intervention to assign boundary conditions or material properties. A lot of effort has been focused in the development of automated procedures for model generation from real data in order to avoid these overhead costs. A promising technique is the mesh wrapping (Couteau et al. 2000; Castellano-Smith et al. 2001; Sigal et al. 2008; Grosland et al. 2009; Bucki et al. 2010) . The underlying idea is to define a template mesh that can be morphed in order to fit the target shape while keeping a good mesh quality. The procedure is often applied in a medical framework, the target shapes are then obtained from computed tomography (CT) scans or magnetic resonance images (MRI). A popular way of extracting the shape of the organs from such images is to use statistical shape models (SSMs) (Heimann and Meinzer 2009) . SSMs are statistical representations of the organ shapes built from a training data set. A mesh is chosen as the reference shape and modes of variations of the geometry are associated to it, allowing to represent any shape similar to the ones of the training set. The aim of this study is to fill the existing gap and bridge these two methodologies in order to automatically and quickly build volumetric meshes from SSMs. These latter are used to create a data-based shape parametrization allowing personalized FE modeling based on medical images. Moreover, shape parametric FE models are useful to quantify the trends of the shapes in the population and assess the influence of anatomy on biomechanical behavior. Indeed, from the parametrization it is possible to create any FE model of the same family while sharing a unique mesh connectivity and topology. This would allow to propagate any anatomical landmark from the template to any generated shape. For the study of inter-population mechanical behavior variability, it would allow to specify only once the boundary conditions and material properties and to use them for any shape of generated FE model. In recent years several studies have focused on the statistical representation of the whole body (Hu 2018; Zhang et al. 2017; Beillas and Berthet 2017) , also using morphing methods to generate complete FE models. In these studies the SSA is done on specific elements of the skeleton -i.e., the ribs (Weaver et al. 2014; Wang et al. 2016 ) -and particular points on the external body surface. Landmark-based morphing methods are then applied using radial basis functions such as the thin plate spline (TPS). Nonetheless, such kind of morphing has no consideration for the quality of the morphed mesh. To take into account such factor, the method presented in this paper works in two steps: a SSA followed by a morphing procedure called iFEMWARP (Shontz and Vavasis 2012) . In order to maximize the efficiency of the morphing step a new registration procedure, called thin plate spline-parametrized registration, is set up to create the SSMs. This new registration method is compared to the well-known iTPS in order to assess its relevance. The training sets used for the comparison contain 385 liver shapes and 33 proximal femora shapes. These databases contain 3D geometries of pre-processed medical images, hence the paper will not deal with image processing or segmentation.
Materials and methods
In this section a cloud of 3D points p i = (x i , y i , z i ) ∈ R 3 , with i = 1, . . . , v, will be represented by the vector X = {x 1 , . . . , x v , y 1 , . . . , y v , z 1 , . . . , z v } T ∈ R v×3 . The Euclidean distance will be denoted by ||·||.
Data
The method was applied to two sets of 3D training shapes provided in vtk format. In order to create the SSMs, a template shape was chosen for each one of the training sets. A first database of n T = 385 liver shapes was provided by the IRCAD (Institut de Recherche contre les Cancers de l'Appareil Digestif, Strasbourg, France). This database contains a large amount of liver shapes collected from CT-scans or MRIs over several years, on patients in supine position. The stored meshes quality and precision evolved with the medical images segmentation methods. First the different organs were identified in every single image independently, leading to discontinuities. This technique was completed with context based treatment (Malandain et al. 1993 ) and topological identification (Dokládal et al. 1999 ) which improved greatly the organs consistence and shape. Additional post-treatments (Boltcheva et al. 2007 ) were done to guarantee manifoldness and nonovercrossing faces, which are compulsory for 3D-meshing. The integration of additional techniques like context base-voting (Chi et al. 2011 ) and region-growing algorithm (Frericks et al. 2004) lead to consequent improvement of the mesh precision, as well as a reduction of the error induced by the segmentation technician. As a result, the liver geometries used present a remarkable diversity in terms of source (male or female, healthy or unhealthy, . . .) or in terms of method used for their generation. They present in particular a strong variation concerning their number of vertices, going from v = 2000 to v = 150, 000, in order to describe a single liver surface. The liver template surface was described by v = 1393 vertices and 2782 triangles (see Figure 1(a) ). The volume was meshed with 10, 163 tetrahedra for a total of v = 2452 vertices. Its maximum length was around 260mm. The second database contains n T = 33 proximal femora shapes freely provided by HazratiMarangalou (2013) . The data were collected on 33 cadavers, 16 males and 17 females, between 61 and 95 years. The proximal femora template surface was described by v = 1384 vertices and 2764 triangles (see Figure 1(b) ). The volume was meshed with 8724 tetrahedra for a total of v = 2222 vertices. Its maximum length was around 90mm. 
Creation of the FE model from SSMs
The method presented in this article can be split into two parts: an offline stage where the SSMs are built and an online one where the FE model is reconstructed from the shape parametrization.
Offline stage: construction of the SSMs
The SSA presented here belongs to the point distribution model (PDM) family. Two major steps can be identified to build PDMs: the alignment of the shapes and the dimensionality reduction. a. The alignment step works as follow: a template shape S 0 -a shape being described by a point cloud -is chosen. Each shape from the training set, subsequently mentioned as target, is rigidly registered onto the template. Then, the template is non-rigidly registered onto each target. For each non-rigid registration a deformation field corresponding to the template displacement is associated. b. A dimensionality reduction method, most of the time the PCA (Jolliffe 2002) , is then applied to this deformation database in order to find the principal modes of deformation associated to the template. By selecting the set of modes that best describes the observed variation the user is able to statistically describe any shape with a restricted number of modes. Any new shapeX can be written as the sum of the mean shapeX and a linear combination of the selected principal modes φ i :
where ξ i are the shape parameters. Finally, the subspace containing the shape parameters is defined. 2. Online stage: reconstruction of the FE model from the SSMs a. First, the volumetric mesh of the template shape S 0 is computed. b. For a given new shape the corresponding shape parameters from Equation 1 are identified. Consequently, the shape is now described by the same mesh connectivity and topology as the template. c. As the template volumetric mesh is known the morphing method iFEMWARP can be applied to the new shape in order to create the FE model. For each new shape the steps b. and c. have to be repeated.
In the remainder of the section we detail each step of the method.
Offline training

Template shape
The SSMs are built a first time by arbitrarily choosing a template shape. The mean geometry of all models under consideration is then chosen as the new template shape. Both surface and volume are meshed with gmsh (Geuzaine and Remacle 2009) using triangles and tetrahedra, respectively. Special attention is paid to the mesh quality.
Rigid registration
All the positions, orientations and sizes between the targets and the template are minimized in order to keep only the shape variation. Two rigid registration methods are used sequentially. A Procrustes superimposition is applied through the principal axis transformation (PAT) method (Alpert et al. 1990; Maurer and Fitzpatrick 1993) followed by 30 iterations of the iterative closest point (ICP) (Besl et al. 1992; Chen and Medioni 1992 ) using point to point minimization (Kjer and Wilm 2010) . The ICP alone is not sufficient because it tends to converge to local minima. The PAT allows to do a first basic registration taking into account the global shapes.
Non rigid registration
The main idea to perform this registration is to minimize a functional
through the use of a semi-implicit iterative algorithm using gradient descent. The functional is the sum of two terms: a point matching term I match and the shape bending energy I tps through a TPS parametrization. The target shape will be mentioned by T and the corresponding deformed template shape by S. The initial template shape stays S 0 . The non-rigid registration method will be called TPS-parametrized registration (TPS-PR).
2.3.3.1 Point matching term. The correspondence is usually performed to associate each node of the template with a pair among the target nodes. In this study a new correspondence method is used taking into account the nearest point in T from each point s in S but also the nearest point in S from each point t in T . For each point s 0 in S 0 and s its position in the deformed state, a displacement vector toward T is defined as:
where
where r ∈ N is the number of points t i ∈ T having s as closest point. With this definition of distance between a point and a shape all the points of the target have an influence on the registration. For complete shape registration it allows to avoid having non-registered parts. The point matching term between the template and a target is written:
where u is the unknown displacement associated to the template shape and d = Dist(S, S 0 , T ).
Thin plate spline parametrization.
The TPS is an efficient tool for shape matching and object recognition (Belongie et al. 2002) , especially for biological applications (Bookstein 1989) . The fundamental idea here is to parametrize the displacement of each point belonging to the template shape using a spline function f :
where the parameters a are associated to the control points of a discrete bounding box as the ones shown in Figures 1(a) and 1(b). Requiring the smoothness of the registration is equivalent to minimize the "bending energy" of this bounding box. This reads as:
where f is called the TPS interpolant. In practice Equations 5 and 6 can be easily evaluated through a FE approach considering Hermitian shape functions of order 2. In this case the bending energy is expressed as:
where L is the discrete biharmonic operator obtained through traditional FE discretization techniques, while the points displacements are expressed by the linear mapping:
where A is the interpolation operator. The bounding box is fixed to +5% the size of the template and the number of control points along each dimension n b can be freely chosen. By introducing Equations 4, 7 and 8 in Equation 2 we get the following expression:
where λ ∈ R is a weighting scalar.
2.3.3.3 Resolution through gradient descent. As I match non linearly depends on a, a non-linear semi-implicit scheme is used through gradient descent using the golden-section search. As the optimal value for the coefficient λ can be hard to find manually, a new factor λ r is introduced as:
where α is the golden-section search step. λ r represents the ratio between the maximum matching energy and the maximum bending energy. A high value (> 1) means the shape deformation will be highly penalized, a low value (< 1) means larger deformations are allowed at each increment. Once α is computed, the gradient descent step at iteration k can be written as:
Each time the golden-section search is run the value of λ is actualized. In practice Equation 11 is solved iteratively until convergence. Each iteration involves the solution of a 12n 3 b × 12n 3 b linear system. The factor 12 is coming from each control point having 12 degrees of freedom and the exponent 3 from the 3D.
Principal component analysis
Once all shapes are non rigidly registered a displacement a i is associated to each target i. The PCA is applied to the matrix [a 1 , . . . , a nT ]. The principal modes φ b i of the PCA associated to the n largest eigenvalues λ i are chosen to form a reduced basis for a. The size n 12n 3 b of the basis is chosen depending on the percentage of variability λ i / 
Statistical boundary shape models
Each one of the shapes in the database can be described by a linear combination of shape parameters and principal modes (see Equation 13 ). But all combinations of modes cannot be considered as valid shapes. In order to avoid incoherent shapes, shape parameters ranges have to be bounded. The term "κ-boundary models" was introduced in to define the boundary models which cover κ% of overall population. Various studies on anatomical elements as liver Lu and Untaroiu 2014) , clavicular cortical bone or lunate and scaphoid bones (van de Giessen et al. 2010) have shown that the shape parameters tend to follow normal distributions over the training data set. Consequently, the shape space [−3 × SD, 3 × SD] (SD stands for standard distribution) of each mode will define a 99.7%-boundary model. A qhyper-rectangle is defined around the mean model, where q is the number of selected modes. It describes a subspace in dimension q where lies the shape parameters able to represent 99.7% of the whole population shape variations. The distribution normality is tested using a Kolmogorov-Smirnov test at the 5% significance level.
Online stage
2.4.1 Shape identification from an out-of-sample geometry Once the offline stage done, any new shape can be represented by Equation 13. The best way to register a new shape is to introduce Equation 12 into Equation 9 and minimize the function with respect to the shape parameters ξ i . Indeed, the gradient descent step from Equation 11 becomes:
The computational cost is now reduced to the solution of a n × n system with n 12n 3 b . The most time-consuming part is the computation of d, the correspondence vector. To simplify the calculations it is possible to take λ constant. As the shape already belongs to a predefined subspace it will keep a coherent deformation. Besides, this allows to store the whole matrix λΦ T LΦ + Φ T A T AΦ for faster computation.
Iterative FEMWARP
The iFEMWARP was introduced in Shontz and Vavasis (2012) and is an extension of the FEMWARP (Baker 2002; Shontz and Vavasis 2010) which is a part of the linear weighted Laplacian smoothing framework (Shontz and Vavasis 2003) . For a given mesh in 2D or 3D the FEMWARP assumes that the displacements of the boundary nodes are known. By considering a linear elastic deformation the position of the inner nodes can be easily computed by solving a linear system. Sometimes this procedure is not sufficient to untangle the mesh. A tangled mesh being a mesh where at least one of its elements has a null or negative Jacobian. The process is then iterated. At each iteration the Jacobians of all the elements are computed and those with a null or negative Jacobian have their rigidity E increased by 50%. The process is iterated until all elements have a strictly positive Jacobian. This method has been proved to be robust (Shontz and Vavasis 2012) and is quite easily implementable. A second parameter ν corresponding to the Poisson ratio also need to be defined. To go further, we propose to enhance the method by taking into account the mesh quality. This latter is evaluated through its aspect ratio (AR) defined for a given tetrahedron as three times the quotient of inscribed and circumbscribed sphere radii. It reads:
where IR (resp. CR) is the inscribed (resp. circumbscribed) radius. A value of 1 means this is a regular tetrahedron, a value of 0 means the element is flat, also called silver. This metric is commonly used in the literature (Alliez et al. 2005) or in mesh generator software such as gmsh.
To run FE element computations, it is often advised that the majority of elements has an AR superior to 0.3. However, there is no theoretical back-up proving this threshold value. To improve the iFEMWARP, instead of only increasing the rigidity of elements with a negative Jacobian, the rigidity of a poor quality elements is also increased at each increment following:
where E i e is the Young modulus of the e-th element at increment i and AR i its aspect ratio. In our case the displacements of the boundary nodes are defined by the shape parametrization. Once the shape parameters are identified the morphing can be directly applied. In this paper the iFEMWARP was used with E = 1kP a and ν = 0.4. These two parameters are related to the morphing procedure and are called after the elastic constants due to the similarity of the morphing functional with the elastic energy. Nonetheless, these are not related to the tissue real mechanical properties. All elements start with the same rigidity at the first iteration, after which their relative stiffness is updated. The parameter ν is chosen so as to limit the compressibility to avoid distorting too much good quality elements during the iterations.
Validation
For completeness we review the iTPS method technique that we used as reference to assess the quality of our results.
Iterative thin plate spline method
The rigid registration was done using the same method as for the TPS-PR. For the correspondence, landmarks were placed on the template shape by splitting the space into an equal-sized cubic grid cells. For each cell containing a surface point a landmark was created by taking the closest point to the cell's center. Here the space was refined into cells of 7 × 7 × 7mm 3 resulting in around 1300 template landmarks for the proximal femora and the liver. Each landmark was associated to its corresponding point using the "Giessen" approach (Van De Giessen et al. 2009 ). This method was proven more efficient than using only the Euclidean distance (Lu and Untaroiu 2014) . Once the initial correspondence was done the registration was computed by minimizing the energy:
where s i are the template landmarks and t i their corresponding points on the target. λ is the regularization parameter and I f is defined in Equation 6. The interpolant f has the form:
where U (r) = abs(r) is a radial basis function. By iterating the matching and registration processes the final registration is improved. In this paper λ = α 2 λ 0 where λ 0 = 100 and α is the mean edge length between two points in the set, as recommended in Belongie et al. (2002) . The maximum number of iterations was fixed to 35.
Error metrics
The quality of each registration method was evaluated using three metrics introduced in Davies (2002) : the compactness, the generalization and the specificity. They depend on M , the number of modes of variation used for the reconstruction. The measure of the compactness is defined by:
where λ m is the m-th eigenvalue calculated from PCA. A compact model is one with a small variance and which requires a small set of parameters to describe the shape. Then, the measure of the generalization is defined by:
where n T is the number of shapes of the training set, S 0 i the i-th registered shape and S i the corresponding reconstructed shape. The generalization is the ability of the SSMs to represent a shape out of the training set. To evaluate it the SSM was built using n T − 1 shape and the last shape was then reconstructed using M modes. The distance between the reconstruction and the ground truth was then evaluated. This leave-one-out test was repeated for all the shapes in the database and then averaged. Finally, the measure of the specificity is defined by:
where N is the number of generated shapes, S i is a randomly generated shape and T S the training set. The specificity is the ability to only represent shapes that are similar to the training set ones.
A new set of 1000 uniformly distributed shapes was generated from the SSMs for M modes. For each generated shape the distance was computed from its closest shape from the training set. The mean value of the distances was used as the measure of the specificity. The distance between two shapes was defined in Xu et al. (2013) as:
where s (resp. t) are the points belonging to S (resp. T ) and N s (resp. N t ) their number. The smaller the value, the more similar the shapes. For all of these metrics smaller values mean a better approach. As they depend on the training set, there is no threshold value allowing to evaluate the quality of the registration method, that is why we compared the TPS-PR with the iTPS.
To assess the efficiency of the iFEMWARP to describe good volumetric meshes from the SSMs the regularity and quality of the meshes were evaluated. A finite element e is said to be regular if its Jacobian is positive in all of his nodes. For a specified number of mode M , 1000 instances normally distributed were generated within the boundaries (Botev 2017 ) using the SSMs. The iFEMWARP was then applied to reconstruct their volumes. If the morphing did not succeed to untangle the mesh in less than 30 iterations the method was considered as a failure. The percentage of failure defined the regularity error R(M ). SSMs built wih the iTPS and the TPS-PR were compared. The mesh quality was also evaluated by generating 1000 normally distributed instances, but for the liver only and for a fixed number of mode M = 30. Only the TPS-PR built SSMs were considered. For each generated instance the AR of the mesh was evaluated. The normal distribution of the parameters is justified by the fact that the targets shape parameters are also normally distributed.
Results
For the liver (resp. the femur) the TPS-PR was run with n b = 5 (resp. n b = 6) (see Figure 1 (a) and 1(b)) and λ r = 0.3. 35 increments were done for each target. As mentioned in Paragraph 2.3.5 the normality of the shape parameters had to be tested to validate the choice of the boundary shape model. In practice, when using the TPS-PR method only the 15 th liver mode and the first of the femur did not strictly follow a normal distribution (see Figures  2(a) and 2(b) ). The hypothesis of normal distributions was acceptable and the choice of the shape parameter subspace was coherent. For both the livers and the femurs the TPS-PR models were more compact (Figures 3(a) and 4(a) ). This is due to the fact that the evaluation was done on the bounding box degrees of freedom which are fewer than the number of vertices. The generalization was slightly better for the liver database (Figure 3(b) ) and almost equivalent for the femur one (Figure 4(b) ). The specificity was worse for the liver but better for the femur (Figures 3(c) and 4(c)). Globally, for this set of parameters both methods behaved identically, the compactness put apart. The error done during the morphing of the liver instances is presented in Figure 5 . For the femur no tangled meshes were produced with both methods. This was most likely caused by the fact that bones have small shape variations (see Table 1 ). Hence, the mesh was not under large deformations during registration and kept its integrity. In the case of the liver the TPS-PR produced few tangled meshes starting from M = 16, but always less than 1% of the generated shapes. On the other hand, the iTPS produced tangled meshes starting from M = 2 and the percentage of irregular meshes steadily increased until 8% for M = 50. Globally, the error was bigger in the liver case because the database is larger and there is more variability in its anatomy (see Table 2 ). Moreover with a large database the probability to encounter difficult shapes to register increase and poorly meshed surfaces are introduced. The quality results are presented Figure 6 for M = 30 in the liver case and for 30 iterations of the iFEMWARP. The SSMs were built using the TPS-PR. In Figure 6 (b) the mean AR over 1000 randomly generated shapes is presented in an histogram, showing the efficiency of the enhanced iFEMWARP and the good averaged quality of the morphed meshes. The quality distribution is slightly wider than the template one but stays within an acceptable range. An example of a generated mesh can be seen in Figure 6 (a) with the value of its AR represented to testify of the good behavior of the method. (a) AR map of a randomly generated liver FE model. The visualization is done on gmsh.
(b) Histogram of the mean AR over 1000 randomly generated shapes. The errorbar corresponds to one standard deviation. The template AR histogram is also represented to provide a ground truth. 
Discussion
This study has been the opportunity to create SSMs from a large database of 385 liver shapes. This is to our knowledge one of the biggest liver training set used in medical SSA coming from real data. With such a large database it is hard to describe the shape with a restricted number of parameters. Visually, at least 30 to 50 modes were required to describe all shapes with fidelity. The test that have been performed showed how a substantial difference arises when applying the method to real and large data sets and it would be interesting to see how it behaves toward others shapes databases. Indeed, as presented for the femur data set, the method works fine, regardless of the registration method. On the contrary, for the liver the regularity error was higher but the TPS-PR method succeeded to limit it under 1%. We observed that the true benefits of using the TPS-PR were more evident when larger data sets were used or when the shapes presented a greater variability. Concerning the quality of the generated meshes, we showed that they are globally adapted to run FE simulations. However, the AR alone cannot be considered as an insurance of the good mesh quality. Some invalid meshes may still be generated. The main limitation of the method is that the TPS-PR tends to smooth the target shape. Hence, if small details with strong variations need to be represented the method will probably not be able to fit them. The choice of the parameters has a strong influence on the results and sometimes the best option results from a tradeoff between the quality of surface registration and that of the volume mesh. The parameter λ r is mainly used as a way to "penalize" the registration and improve the correspondence. Besides, n b allows to foster either the quality of the registration for high values either the chances of success of the morphing for lower values . A small n b will smooth the registration and consequently preserve the mesh quality. Smoothing is also necessary in order to eliminate numerical artifacts from the FE solutions, which may arise from the presence of excessively distorted elements or sharp corners. The idea to use a bounding box to penalize the deformation and smooth the surface has already been tackeld in Bucki et al. (2010) to register a generic volumetric mesh onto the patient organ shape, in conjunction with a mesh regularity and quality correction. This correction step presented in Bucki et al. (2011) could also be used in our case as a backup solution to untangle meshes. Concerning the computational time, with a MATLAB (The MathWorks, Inc. USA) implementation the iFEMWARP took around 2 seconds per iteration for the proximal femoral and 3 seconds for the liver. Most of the time the convergence was reached in 1 iteration. The most difficult shapes to reconstruct were located on the limits of the boundary model but they also were statistically less likely to be observed. For the registration, an iteration of the TPS-PR took between 4 and 0.2 seconds depending if the golden-section search was used or not. It is possible to further accelerate the method by not enforcing the golden-section search at each iteration. Indeed, acceptable results can be obtained when the golden-section search is only performed every few iterations. On the other hand this introduces a significant speed-up since this task is the most time-consuming.
Conclusion
We presented and tested a procedure to automatically generate FE models from medical images by coupling SSMs to a mesh morphing technique. A new registration method has been developed to build the SSMs in order to increase the efficiency of the morphing method. Concerning the quality of the reconstructed shapes we shown how the proposed TPS-PR performs equally well as other traditional techniques like iTPS while significantly improving the quality of interior volume meshing. The method can be in principle coupled to other more sophisticated registration techniques (e.g., the SLIDE method (Dalal et al. 2007 ) which has been proven to be really efficient). However, the choice of the particular approach adopted in this paper is justified by its flexibility and robustness when applied to a large and rich data set. This approach can be potentially very efficient in automated FE model generation from real data. Indeed, instead of registering a template mesh onto a specific target we create first a shape-parametrized model which allows us to apply a fast morphing algorithm afterward. By doing so the application is faster and enables the creation of shape-realistic FE models. This method was developed with the intent of enabling efficient shape parametrization of FE models for parametric model order reduction (MOR). Our ongoing studies are focused on shape parametric MOR for patient-specific liver mechanics, based on the approach presented in Borzacchiello et al. (2017) and will be the object of an upcoming work. Table 1 . Registration example for five femur shapes. The first row is the target shape from the training set. The second is the shape registered using the TPS-PR and the third with the iTPS method. Target  TPS-PR  iTPS  Table 2 . Registration example for five liver shapes. The first row is the target shape from the training set. The second is the shape registered using the TPS-PR and the third with the iTPS method. Target TPS-PR iTPS
